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Politécnico de Bragança, 5300-252 Bragança, Portugal
{beatrizflamia,pacheco,fflor,apereira}@ipb.pt
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Abstract. Active learning is a modern educational strategy that
involves students in the learning process through diverse interactive and
participatory activities. The MathE platform is an international online
platform created to support students and lecturers in the Mathematics
teaching and learning process. This platform offers a tool to aid and
engage students, ensuring new and creative ways to encourage them to
improve their mathematical skills. The study proposed in this paper
refers to a comprehensive investigation of the patterns that may exist
within the set of questions available on the MathE platform. The objec-
tive is to investigate how to evaluate the student’s opinions about the
question’s difficulty levels based on the variables extracted from student
answers collected through surveys applied among the platform’s users.
Moreover, a comparative study between variables is performed using cor-
relation and hypothesis tests. Furthermore, based on the results obtained
for samples of different sizes, it was possible to define the most appro-
priate number of answers that should be considered to categorize the
question’s difficulty level. The results demonstrated that the variables
extracted could be used to carry out the question level, and 30 answers
are the most appropriate number of questions that must be used to cat-
egorize the question level.
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1 Introduction

We live in a time characterized by extraordinary and rapid changes. There is a
continuous emergence and evolution of new knowledge, tools, and methods for
practicing and communicating mathematics, even more regarding digital tools
and artificial intelligence resources. The importance of understanding and uti-
lizing mathematics in everyday life and the professional sphere has never been
greater and will continue to grow. In this dynamic world, individuals with math-
ematical proficiency will have significantly enhanced opportunities and choices
for shaping their futures. A solid foundation in mathematics opens doors to pro-
ductive pathways, while a lack of mathematical competence limits those oppor-
tunities. All students should be given the opportunity and necessary support to
learn meaningful mathematics with depth and comprehension [11].

Although mathematics is a cornerstone of many higher education courses and
essential for understanding the world, comprehending its concepts, even basic
ones, is seen by many as an insurmountable hurdle. While some people have a
positive view of mathematics, considering it a fascinating and challenging disci-
pline, most individuals report difficulty grasping its concepts, finding it abstract
and uninteresting, and feeling intimidated and often incapable of understand-
ing the calculations and formulas involved. These negative complaints may be
linked to many individuals who have had negative experiences in mathematics
education, such as a lack of adequate support or non-engaging and demotivating
teaching approaches, contributing to a negative perception of the subject.

One way to change people’s negative views about Mathematics is by offering
an education based on active learning methods. Active learning is a student-
centered pedagogical technique that promotes student learning more effectively
than traditional or lecturer-centered approaches [6,8]. The fundamental role of
active learning is to encourage students to participate in their education by
analyzing, debating, researching, and producing, either in groups or individu-
ally. In this way, the student is no longer just a listener and becomes an active
participant in the learning ecosystem [5].

The development of learning capabilities and the learning process is strongly
dependent on the active involvement of students in their education [1]. Case
study research shows that active teaching strategies increase lecture attendance,
engagement, students’ acquisition of expertise on the discipline and engage-
ment improves students’ capabilities [1,5,7,9]. Besides, students who are trained
through active learning methodologies express a high level of satisfaction [1,5].

Thereby, the implementation of active learning methods involves challenges,
and the incorporation of digital educational tools in classes is one way to support
lecturers and students throughout the process. In this sense, the MathE platform
(mathe.pixel-online.org) was created to provide not only in-class resources, but
also an alternative way to teach and study Mathematics, alone, in groups, in or
outside the classroom.

Since the platform was created, several works have been carried out to
improve the platform, aiming at refining the platform system to offer a cus-
tomized platform that meets the needs of its users [2,4]. In [4], it was identified
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that dividing the difficulty level of the questions into basic and advanced was
not enough to categorize the questions according to the student’s needs since
the error rate in questions considered basic was usually very high. In addition,
since many students had poor performance on the basic level questions, they
rarely attempted to answer the advanced level ones, causing a certain demoti-
vation in using the platform. Thus, the work [3] investigated the classification
of questions into different difficulty levels using clustering algorithms through
hierarchical and partitioning techniques. To categorize the questions through
clustering, only the question’s success rate was considered as an input variable
for the clustering algorithms. However, since this rate is calculated using a binary
output (0 - incorrect answer or 1 - correct answer), the success rate of the ques-
tions tends to converge to 0.5 over time, making it impractical to use it to define
the question’s level.

To define the questions’ level, weighing the students’ and lecturers’ opinions
about the question’s difficulty is important. Besides, based on previous research,
it is known that for some question marked as easy for a lecturer is considered
difficult for the student, and vice-versa. To explore the student’s opinions about
the question’s difficulty level, a more in-depth study is proposed in this work.
Thereby, the occurrence of correct and incorrect answers for each question is
evaluated to identify question patterns and classify them into different difficulty
levels. First, a temporal study is proposed to analyze the number of correct and
incorrect answers for each question over time. After that, a comparative study
is conducted among the obtained variables, considering different answers quan-
tities. These results will help define new variables to address the issues detected
in previous works, and will also be crucial in identifying the most appropriate
number of answers representing the student’s perspective about the question
classification.

This paper is organized as follows. After the introduction, Sect. 2 describes
the main functionalities and resources available at the MathE platform. After
that, Sect. 3 presents the methodologies proposed to extract the parameters and
compare the data sample. The database utilized is defined in Sect. 3.3. Section 4
presents the results and the discussion of the work. Finally, Sect. 5 concludes the
paper by establishing the future direction for this work.

2 MathE Platform

The MathE platform (mathe.pixel-online.org) is an online educational system
designed to assist students who face challenges in learning college-level mathe-
matics, as well as those seeking to enhance their understanding of a wide range
of mathematical topics, all at their own pace. This platform provides free access
to various resources, including videos, exercises, practice tests, and pedagogi-
cal materials, covering various areas of mathematics taught in higher education
courses. Additionally, MathE maintains a presence on YouTube and social media
platforms such as Facebook and Instagram.

Until May 2023, the platform has already attracted participation from 109
lecturers and 1435 students from 14 nationalities. Its current structure consists

https://mathe.pixel-online.org
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of three sections, as demonstrated at Fig. 1: Student’s Assessment, which
encompasses topic-specific multiple-choice questions categorized into two diffi-
culty levels (basic and advanced) predetermined by lecturers associated with
the platform; MathE Library, an extensive collection of valuable and diverse
materials about the covered topics and subtopics, including videos, lessons, exer-
cises, training tests, and other formats; and Community of Practice, a virtual
space that facilitates interaction and collaboration among lecturers and students,
allowing them to work together towards shared objectives and fostering a robust
networked community.

Fig. 1. MathE platform illustration.

MathE includes fifteen topics in Mathematics, among the ones that are
in the classic core of graduate courses: Linear Algebra (5 subtopics: Matri-
ces and Determinants, Eigenvalues and Eigenvectors, Linear Systems, Vector
Spaces, and Linear Transformations), Fundamental Mathematics (2 subtopics:
Elementary Geometry and Expressions and Equations), Graph Theory, Differ-
entiation (including 3 subtopics: Derivatives, Partial Differentiation, Implicit
Differentiation and Chain Rule), Integration (5 subtopics: Integration Tech-
niques, Double Integration, Triple Integration, Definite Integrals, and Surface
Integrals), Analytic Geometry, Complex Numbers, Differential Equations, Statis-
tics, Real Functions of a Single Variable (2 subtopics: Limits and Continuity, and
Domain, Image and Graphics), Probability, Optimization (2 subtopics: Linear
Optimization and Nonlinear Optimization), Real Functions of Several Variables
(2 subtopic: Limits and Continuity, Domain, Image and Graphics), and Numer-
ical Methods. It is essential to mention that the platform’s content is constantly
updated, and other topics and subtopics may be created whenever necessary.
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3 Methodology

As previously mentioned, the variable question success rate is not enough to
categorize the level of the questions since it over time tends to be 0.50 for all
questions. Then, this section describes the methods applied in this work to obtain
other parameters through the information of the type of answer (correct or
incorrect) provided by the students. Moreover, these parameters are compared
considering different data samples.

3.1 Obtaining Parameters

An analysis of the distribution of correct and incorrect answers to questions over
time is proposed to obtain new parameters from the answers collected. However,
there is no information regarding the data and time when the questions were
answered on the platform. On the other hand, obtaining the sequence of entries
for the students’ answers is possible, allowing for determining the order of the
solutions obtained for each question. Considering this, Fig. 2 aims to illustrate
the proposed concepts by analyzing three questions represented by colored aster-
isks: question 1 - green, question 2 - blue, and question 3 - red.

Fig. 2. Example of question answers over time (Color figure online).

Since correct answers are represented by the value 1 and incorrect answers
by 0, 1 is added to the current question score for each correct answer. Sim-
ilarly, for each incorrect answer, 0 is added. The higher the number of cor-
rect answers, the higher the score of the question, with the maximum score
obtained if all answers to the question are correct, as illustrated by ques-
tion 1 (green). Thereby, the x-axis represents the chronological order of the
answers to the questions over time, where a coordinate closer to x = 1 indi-
cates an earlier response recorded by the platform. Meanwhile, the y-axis
represents the score obtained by the question, considering a certain number
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of outputs. This allows for an analysis of the answers over time. Consider
the example of question 3 (red), where the answers vector is represented by
v3 = [0, 1, 0, 0, 0, 1, 1, 0, 0, 0, 0, 0, 0, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 1, 0], which means that
the first answer to question 3 was incorrect (0), the second answer was correct
(1), the third, fourth, and fifth responses were incorrect, and so on.

With this data distribution for each question, it is possible to obtain the line
that describes the points on the graph through linear interpolation [13], where
P (x) is the interpolating polynomial and m represents the angular coefficient of
the line obtained by P , as shown in Eqs. 1 and 2, respectively. Here, y1 and y0
are the scores of the questions, and the number of questions’ outputs is x1 and
x0.

P (x) = y0 + m(x − x0) (1)

m =
y1 − y0
x1 − x0

(2)

When the maximum score is achieved (as in question 1, in the previous
figure), we have y = x. In the other cases, we have variations in the slope of
this line. Therefore, through the linear equations of each question, it is possible
to evaluate the angular coefficient m of the line. Thus, questions with more
incorrect answers will have smaller angular coefficients and are considered more
difficult than those with larger coefficients.

Through this method, it is also possible to calculate the cumulative scores
(cs) for each question so that questions with lower cumulative scores are more
difficult than those with a higher cs value. In Fig. 2, question 1 has an angu-
lar coefficient of m = 1, and the highest possible cumulative score cs for the
maximum number of outputs considered since all the answers were correct. This
indicates that question 1 can be considered an easy-level question. On the other
hand, question 2 has an intermediate value of the angular coefficient, suggesting
it is an intermediate-level question. In turn, question 3 has the lowest angular
coefficient classifying it as a difficult-level question. Considering this method,
it is possible to obtain two new variables to analyze the question levels, the
cumulative score cs, and the angular coefficient m of each question.

3.2 Sample Data Comparison Methods

In order to compare the variables extracted by the methodology proposed at Sub-
sect. 3.1, two analyses are performed: the correlation analysis and the Hypothesis
test. The correlation evaluates if the variables cs and m could replace the success
rate variable without compromising the results. The Hypothesis test is used to
evaluate the sample’s most appropriate size, which is the number of answers,
into the question categorization.



306 B. F. Azevedo et al.

Correlation Analysis. To compare the correlation between the obtained
parameters, the Pearson method is applied. The method aims to check if the
variables cs and m when used instead of the success rate does not imply signifi-
cant changes in the results for classifying the difficulty level of the questions.

Hypothesis Test. To evaluate the most suitable sample size of data to deter-
mine the difficulty level of the question, a hypothesis test is considered. In this
case, it is intended to investigate whether a parameter collected using different
sizes samples has equal means or not. Thereby, the t-Student test [10] is used to
determine if there is a significant difference between the means µ1 and µ2 com-
posed of 30 and 50 answers per question, respectively. So, the two hypotheses
are considered:

H0 : µ1 = µ2

H1 : µ1 �= µ2
(3)

in which, H0 assumes that there is no difference between µ1 and µ2, whereas H1

affirms there is difference between µ1 and µ2.
Thereby, to perform the t-test a significance level of 0.05 is considered. So,

if the p-value found is less than the chosen significance level (p < 0.05), the null
hypothesis is rejected, suggesting a difference between the means of the samples
compared. But, if the p-value is greater than or equal to the significance level,
the null hypothesis is not rejected suggesting that there is not enough evidence
to support a difference between the means of the samples compared [10]. It is
essential to point out that before applying the t-Student test, it is necessary to
verify the normality of the data distribution. For this, the Kolmogorov-Smirnov
test [10] was used, also with a significance level of 0.05.

3.3 Data Base

Currently, the MathE platform has 1824 questions available, distributed between
15 topics and 24 subtopics, in which the subtopics Vector Space and Linear
Transformation are the two most used subtopics of the platform. Both of them
belong to the Linear System topic. Table 1 describes the data considered per
subtopic. So, column N. questions shows the number of questions considered in
this work; column N. Answers presents the total number of answers obtain, and
the column N. students represents the number of different students that answered
the questions since one question could be answered more than one time for the
same student. However, for applying the methods used in this study, only the
questions that received at least 50 responses were considered, which reduced that
number of questions to 21 Linear Transformation questions and 24 questions at
the Vector Space subtopic.
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Table 1. Data base description.

Subtopic N. questions N. Answers N. students

Linear Transformation 60 2067 31

Vector Space 61 2738 96

4 Results and Discussion

As previously mentioned, the information currently available on the MathE plat-
form refers to the type of answer provided by the students (1 - correct or 0 -
incorrect). Thus, this is an equiprobable sample space, with a success rate equal
to 0.5, which makes this variable impracticable for classifying the questions in
different difficulty levels. In this way, the need to extract other information from
the available information was observed. Thus, with the methodology described
in Sect. 3.1, it is possible to obtain the variables denominated by the cumulative
score of the question (cs) and the angular coefficient (m). The variables obtained
are analyzed through correlation and t-Student hypothesis methods. The results
are presented below for the two most used subtopics of the platform: Linear
Transformations (Sect. 4.1) and Vector Spaces (Sect. 4.2).

4.1 Linear Transformations Results

The Linear Transformations (LT) subtopic currently comprises 60 questions.
However, only 21 questions have at least 50 answers collected since the MathE
platform has been online. For this reason, these questions were selected to be ana-
lyzed since they have the minimum number of answers for applying the methods
considered in this work.

Thereby, to provide a comparison between students’ and lecturers’ question
level definition, the 21 questions of the Linear Transformation subtopic are clas-
sified into three groups by a lecturer, according to their knowledge. Each group
means a difficult level, starting in the 1 - most basic level and 3 - most difficult
level. After that to be better analyzed, three questions were randomly selected,
one of each difficulty level provided by the lecturer. In this case, questions 287 is
selected from level 1, questions 784 is selected from level 2, and questions 384 is
selected from level 3. Figure 3 presents the profile of these questions, considering
a maximum output equal to 50 (x-axis). And consequently, 50 is the maximum
score to be achieved in case all answers provided are correct.

Based on the results presented at Fig. 3, the student’s classification of the
questions based on the question’s success rate is equal to the classification pro-
vided by the lecturer for these three questions. But this is not always the case,
sometimes while the lecturer indicates that the question 325 is basic, there were
many incorrect answers, indicating that this question is not really basic from
the student’s point of view. However, it is important to highlight that they are
some situations in which the classification of the student and lecturer are dif-
ferent. Such results demonstrate the reason for analyzing the two options: the
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Fig. 3. Example of questions behavior 287, 784, and 384.

student’s classification provided by the question success rate and the lecturer’s
classification based on their experience.

Considering the analysis proposed at Sect. 3.1, the linear interpolation was
performed, and the parameter’s cumulative score cs, angular coefficient m, and
the success rate for each question were obtained. For this analysis, different
quantities of answers were considered to analysis the behavior of consider differ-
ent amount of data to extract the previously mentioned parameters. Thereby,
Table 2 presents the data extracted for the three questions of Fig. 3. Considering
different numbers of outputs (answers), it is 10, 20, 30, 40, and 50 for each ques-
tion, it is noticed that the success rate, even in questions belonging to different
difficulty level, tend to be close to 0.5 over time.

Table 2. Success rate for different numbers of outputs for the three LT questions.

Question ID Level given by lecturer Number of Output

N10 N20 N30 N40 N50

Question 287 1 0.90 0.60 0.50 0.50 0.54

Question 784 2 0.40 0.45 0.43 0.38 0.44

Question 384 3 0.30 0.30 0.26 0.23 0.26

On the other hand, Table 3 presents the values referring to the variable cumu-
lative score, cs, also considering samples of different sizes. Besides the value, it
is also presented the normalized value of the variable for a better understanding
of the position of the question in the range of values between 0 and 1 and the
definition of the most appropriate level of difficulty for the question.

Comparing Tables 2 and 3, there is a greater gap between the classes of the cs
normalized values and success rate values. For the case of 50 answers, in Tables 2,
we have a difference of 0.18 between the question of level 3 and level 2, and a
difference of 0.1 between the question of level 2 and level 1; whereas, in Table 3,
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Table 3. Cumulative score for different numbers of output for the three LT questions.

Question ID Level given by lecturer Number of Output

N10 N20 N30 N40 N50

Question 287 1 35
(0.63)

126
(0.69)

259
(0.63)

438
(0.63)

673
(0.68)

Question 784 2 33
(0.58)

105
(0.51)

217
(0.43)

359
(0.39)

539
(0.40)

Question 384 3 11
(0.04)

67
(0.18)

142
(0.08)

232
(0.00)

348
(0.00)

this difference is approximately 0.3 for the question of level 1 and 2, and 0.4 to
questions of level 2 and 3.

Table 4 presents the three questions’ angular coefficient m. As we can see, the
m values are very similar to the success rate values, indicating that the variable
cs is the most appropriate to replace the success rate variable at the questions
level definition.

Table 4. Angular coefficient for different numbers of output for the three LT questions.

Question ID Level given by lecturer Number of Outputs

N10 N20 N30 N40 N50

Question 287 1 0.66 0.60 0.48 0.48 0.53

Question 784 2 0.33 0.42 0.41 0.36 0.42

Question 384 3 0.33 0.31 0.27 0.23 0.27

Considering that the MathE Platform is a world-class platform and through
previous studies, a sample of 10 or 20 answers is too small to define the level of
difficulty of the questions, that represent the opinion of student worldwide. So,
a more deep analysis involving the sample of 30 and 50 answers is proposed. In
this way, the Pearson correlation and the hypothesis test between the samples
composed of 30 and 50 answers were performed.

The Pearson correlation was used to compare the correlation between the
success rate, angular coefficient m, and cumulative score cs variables, for the 21
questions in the study. The result is shown in Table 5. As can be seen, there is
a high correlation, over 0.8, between all variables independent of the number of
outputs considered. This indicates that variables cs and m can substitute the
success rate variable. However, as previously mentioned the m values are very
similar to the success rate values. So, using the m variable, the tendency of the
variable comes close to 0.5 is kept. Thus, the cs results are more expressive to
the used in the question level definition.

Finally, the most appropriate size of the data was investigated. First, the
questions were divided into 3 levels of equal sizes for each number of outputs
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Table 5. Correlation between the variables of the LT.

N. Outputs success rate & cs cs & m success rate & m

N30 0.93 0.89 0.99

N50 0.90 0.88 0.99

considered. In the case of the subtopic Linear Transformations, each level is
composed of 7 questions, using the values of the variable cs. Thus, the first 7
questions with the lowest cs are at level 1, the following at level 2, and level 3
are the questions with the highest cs. This process was done for each sample
independently. Since the lecturers classified the same questions, it is possible to
compare the number of questions at the same level according to the lecturer’s
opinion with the classification provided by the students through the questions’
answers. The results of this analysis are shown in Table 6. Each value in the
table represents the number of questions at the intersection between one sample
and another, 2 to 2 (Table 6a), and the similarity rate between the samples, in
terms of question levels categorization (Table 6b). In other words, it means the
number of questions that keeps at the same difficulty level in both numbers of
output.

Table 6. Question levels comparison at LT subtopic.

(a) Number of questions at the intersection.

Sample Lect. N30 N50

Lect. 21 11 9

N30 21 17

N50 21

(b) Similarity rate between the levels.

Sample Lect. N30 N50

Lect. 21 0.52 0.43

N30 21 0.81

N50 21

As we can see, there are 17 questions that remain at the same levels, consid-
ering both a sample of 30 and 50 answers, which results in a similarity rate equal
to 0.81. Regarding the classification of the lecturer and the students, we have
0.52 and 0.43 similarity rates between the classifications considering the sam-
ples composed of 30 and 50 answers. These results were already expected, given
the knowledge of previous work that pointed to several divergences between the
opinion of students and lecturers.

After checking whether the data follows a normal distribution, the hypothesis
test was applied to compare the statistical means between the 30 and 50 samples.
Through this, it is possible to define whether the observed sample differences are
real or casual. It is important to clarify that the cs values were normalized to be
compared by the hypothesis test approach. The results are shown in Table 7, in
which the p-value model test equals 0.39. Considering a significance level equal
to 0.05, the final decision considers not rejecting the null hypothesis (Sect. 3.2)
since the p-value found are greater than 0.05. Therefore, there is no significant
difference between the means of the two samples.
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Table 7. t-Student test results for LT questions.

t Degree of Freedom Standard Deviation p-value Confidence Interval (95%)

−0.86 40 0.25 0.39 [−0.22, 0.09]

4.2 Vector Spaces Results

The Vector Spaces (VS) subtopic is composed of 61 questions, but only 24
had more than 50 answered computed, so only these were considered. The pro-
cess applied to the Linear Transformations subtopic was replayed to the Vector
Spaces subtopic. This way, a lecturer analyzed the 24 questions and categorized
them into three groups. Figure 4 describes the profile of 3 questions randomly
selected, 1 for each group, being the question 417 belongs to level 1; question
421 belongs to level 2; and question 453 belongs to level 3.

Fig. 4. Example of questions behavior 417, 421, and 453.

These questions were chosen to be better analyzed. So, Tables 8, 9 and 10
presents the value of the variable’s success rate, the cumulative score cs, and the
angular coefficient m, respectively, for the three questions.

Table 8. Success rate for different numbers of outputs for the three VS questions.

Question ID Level given by lecturer Number of Outputs

N10 N20 N30 N40 N50

Question 417 1 0.30 0.25 0.40 0.47 0.44

Question 421 2 0.40 0.45 0.40 0.37 0.36

Question 453 3 0.20 0.40 0.43 0.47 0.42



312 B. F. Azevedo et al.

Considering the results of Table 8, the variation between the success rate of
the three questions is quite small. In the case of 30 outputs, it is noteworthy
that the three questions have a success rate of approximately 0.4. Similar results
are obtained in Table 10.

Table 9. Cumulative score for different numbers of output for the three VS questions.

Question ID Level given by lecturer Number of Outputs

N10 N20 N30 N40 N50

Question 417 1 16

(0.28)

55

(0.27)

144

(0.34)

305

(0.43)

516

(0.46)

Question 421 2 21

(0.39)

82

(0.46)

180

(0.49)

315

(0.45)

483

(0.40)

Question 453 3 13

(0.21)

69

(0.37)

184

(0.49)

341

(0.52)

536

(0.50)

On the other hand, analyzing the Table 9 results, there is a more expressive
difference between the values of the questions, even when we consider normal-
ization.

Table 10. Angular coefficient for different numbers of output for the three VS ques-
tions.

Question ID Level given by lecturer Number of Outputs

N10 N20 N30 N40 N50

Question 417 1 0.33 0.26 0.41 0.49 0.44

Question 421 2 0.44 0.47 0.41 0.38 0.36

Question 453 3 0.22 0.42 0.45 0.49 0.42

Again, the correlation between the variables was evaluated. Thus, Table 11
presents the correlation between the three variables: success rate, cumulative
score cs, and angular coefficient m, for the 24 Vector Spaces questions.

As occur in the Linear Transformations questions, both combinations of vari-
ables presented high correction, over 0.80, which indicates that the success rate
variable could be replaced by the other two variables cs or m, without compro-
mising the results. But, the success rate values are practically the same as the
m values, so cs is the most appropriate variable for the question classification.

For the analysis of the most appropriate size of the data, it is, the number
of questions to be used to define the cs values, the 24 Vector Spaces questions
were categorized into 3 levels of equal size, in this case, 8 questions per level.
Table 12 presents the results, considering the number of questions belonging to
each sample’s intersection, it is the same difficulty level, considering the lecturer
classification and the different numbers of output (answers), 2 to 2 (Table 12a),
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Table 11. Correlation between the variables of the VS.

N. Output Success rate & cs cs & m Success rate & m

N30 0.84 0.81 0.99

N50 0.90 0.89 0.99

and the similarity rate between the questions difficult level (Table 12b). Again,
a higher similarity between the sample of 30 outputs and the sample of 50 was
found, equal to 0.83; while in the other cases, this similarity is not so higher,
below equal to 0.46 for the comparison between the lecturer and 50 answers, and
also between the sample of 30 and 50 answers.

Table 12. Question levels comparison at VS subtopic.

(a) Number of questions at the intersection.

Sample Lect. N30 N50

Lect. 24 11 11

N30 24 20

N50 24

(b) Similarity rate between the levels.

Sample Lect. N30 N50

Lect. 24 0.46 0.46

N30 24 0.83

N50 24

Finally, after the Kolmogorov-Smirnov test indicates that the data is normal,
the t-Student test was performed considering the cs normalized variable for the
samples composed of 30 and 50 answers. As presented in Table 13, the p-value
found is 0.93. In this way, considering a significance level equal to 0.05, the final
decision considers not rejecting the null hypothesis (Sect. 3.2) since the p-value
found is greater than 0.05.

Table 13. t-Student test results for VS questions.

t Degree of Freedom Standard Deviation p-value Confidence Interval (95%)

−0.08 46 0.22 0.93 [−0.13, 0.12]

5 Conclusion

The MathE platform has been online since 2019. The necessity for some improve-
ments on the platform has been identified in previous studies, such as question
difficult level definition and the optimum way to reorganize the resources avail-
able on the platform [2–4]. The insights gained from prior research have guided
the developers of the MathE platform in implementing intelligent features, lever-
aging optimization algorithms and machine learning techniques. These advance-
ments will enable the platform to autonomously make personalized decisions
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tailored according to the needs of each user. This work investigated different
variables to be used to define the question’s difficulty level. Furthermore, the
most appropriate number of answers to obtain the variable’s information was
also investigated.

Through previous works, it is known that the success rate variable is not
enough to categorize the questions, taking into account that the information
considered is a binary variable (1 - correct, and 0 - incorrect), the success rate of
the answers to the questions is 0.5, and this is observed by computing responses
over time. Thus, two new variables were extracted for each question: the angu-
lar coefficient m, and the cumulative score cs. Taking into account that the
angular coefficient and the success rate have a high correlation and therefore
present the same problem as the success rate variable, it is defined that the
cumulative score variable is the most recommended to be used in the question
classification task, and represent the students’ opinions about the difficulty of
each question. Regarding the number of samples to be used, although the sam-
ple 30 and 50 answers have no significance, it was established that 30 answers
are the most appropriate value to obtain cs values and represent the students’
opinions. Besides, from the literature, it is known that 30 samples are considered
a minimal quantity to obtain trustful in the data analysis results [12].

From previous work, it is known that the opinion of students and lecturers,
about the complexity of the questions is often divergent. While for a lecturer, a
question may be very basic, for the student the same question may be considered
very difficult, and vice-versa. Thus, it is important to give appropriate weight to
the opinion of both students and lecturers, in order to obtain the most accurate
classification. Thus, the focus of this work was the exploration of the best way
to extract the students’ opinions, which will be combined with the lecturer’s
opinion in future works. Thereby, the values of these opinion combinations will,
in the future, be considered for the final classification of the questions.
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